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Abstract

The orientation of surface normals in 3D point cloud is
a fundamental problem in computer vision and graphics.
Determining a globally consistent orientation solely from
the point cloud is however challenging due to the global
scope of the problem and the discrete nature of point cloud,
particularly in the presence of noise, outliers, holes, thin
structures, and complex topologies. This paper presents an
efficient, robust, and global algorithm for generating con-
sistent normal orientation of a dense 3D point cloud. The
basic idea is to transform the original binary normal ori-
entation problem to finding a relaxed sign field on a De-
launay graph, which can be achieved by solving a sparse
linear system. The Delaunay graph is constructed by tri-
angulating a level set of an implicit function defined from
the input point cloud. The shape diameter function is es-
timated to serve as a prior for determining an appropriate
level value such that the level set implicitly defines the inner
and outer shells enclosing the input point clouds. As such,
our algorithm leverages the strengths of the shape diame-
ter function, Delaunay triangulation, and the least-square
techniques, making the underlying processes take both ge-
ometry and topology into consideration, and thus provides
an efficient and robust solution for handling point clouds
with complicated geometry and topology. Extensive experi-
ments on various shapes with noise and outliers confirm the
effectiveness and robustness of our algorithm.

1. Introduction

Consistent normal vectors of 3D point clouds are impor-
tant for understanding geometry and capturing the struc-
tures of 3D surfaces. Particularly, globally consistent ori-
ented normals can enrich the information conveyed by point
clouds, enabling a wide range of computer vision and
graphics applications, including rendering [13,33,35,36,41,

], surface reconstruction [24,25, 52], registration [2, 22,
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,43], mesh processing [59,60], and sampling [10, 18,51].
While the estimation of unoriented normals has achieved
significant progress [3,4,7, 14, 15,29, 34, 58], determining
their orientation with global consistency remains challeng-
ing in real industrial applications.

Orienting normal vectors across a 3D point cloud con-
sistently presents several difficulties. Unlike estimating un-
oriented normals, which typically relies on local geometric
properties as in PCA [15] or jet fitting variants [3, 4, 58],
orienting these normals requires consideration of global co-
herence. The primary challenge lies in the inherently global
nature of normal orientation, whereas initial estimates are
typically derived from local patches, leading to unoriented
normals. Moreover, local methods for unoriented normal
estimation typically fit a surface patch using an Euclidean
neighborhood, whereas the actual surface may follow a
more geodesic form, which introduces further inconsisten-
cies. Although data-driven methods like PCPNet [14] and
SHS-Net [31] can regress oriented normals directly using
ground-truth orientation as supervision, they cannot guar-
antee geometric and topological consistency.

Many normal orientation methods have been developed
and roughly they can be categorized into propagation-based,
volume-based, and learning-based approaches, each with
distinct strategies and limitations. Propagation-based meth-
ods [15,27] start by orienting a seed point and then prop-
agate this orientation to neighboring points on a graph,
such as a minimum spanning tree (MST), using various
strategies, which can be prone to errors. Global optimiza-
tion techniques [20,40,45,46,55] could be implemented to
replace greedy propagation, but they rely heavily on Eu-
clidean neighborhoods, making it difficult to handle thin
structures, varying densities, and sharp features. Volume-
based approaches [1,39,42] solve for interior/exterior prop-
erties or a signed implicit function on a volumetric dis-
cretization. To enhance robustness on noisy point clouds,
iterative optimization processes are developed [16, 37, 56],
which are however not suitable or less effective for large-
scale point clouds, thin structures, and complex topologies.
Learning-based methods [31,40] have gained popularity re-
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cently, but they typically require significant GPU resources
and extensive training datasets. They often overlook geo-
metric and topological properties as well.

This paper presents a new normal orientation algorithm
that addresses the limitations of existing methods, espe-
cially in handling noise, outliers, and complex shapes. It
is a global method that takes advantages of both volume-
based approaches and propagation-based approaches. Dif-
ferent from prior art, our approach relaxes the binary normal
orientation on a Delaunay graph as a least squares prob-
lem, inherently capturing the shape’s geometry and topol-
ogy. Fig. 1 gives a 2D illustration of our method. Specif-
ically, we begin by estimating the shape diameter [44,47]
on the input 3D point cloud, which is used to construct a
Delaunay graph. The Delaunay graph is constructed by tri-
angulating the level set of an unsigned implicit function.
Guided by the shape diameter, the level value is set such
that the level set implicitly defines two shells (inner and
outer shells) which encapsulate the point cloud. As a result,
unlike MST-based methods, our Delaunay graph can effec-
tively distinguish complex geometry and topology such as
high genus and thin structures. Moreover, rather than re-
lying on greedy local propagation or global iterative opti-
mization, our approach formulates the binary normal ori-
entation as a least squares problem to compute a piecewise
linear sign field on the Delaunay graph. The gradient of
this sign field is used to align the normal along the direc-
tion from inward to outward. Overall, the global nature and
the least-squares-based approach make our method robust,
while transforming the problem into solving a sparse lin-
ear system increases its efficiency. In summary, the main
contributions of this paper are as follows:

* We present a novel method for generating globally consis-
tent normal orientation for dense 3D point clouds, which
is built upon the shape diameter function, Delaunay graph
and least-squares techniques. The underlying techniques
make use of spatial and topology information of the input
shape, enabling efficient, robust, accurate normal orienta-
tion for complex shapes.

e We formulate the binary normal orientation problem as
finding a relaxed sign field over the Delaunay graph,
which can be obtained by solving a sparse linear system.
This approach makes our algorithm fast and robust, even
for large-scale point clouds with noise and outliers.

Experimental results demonstrate superior performance
of our method compared to prior art, particularly on point
clouds with noise, outliers, holes, and complex topology.

2. Related Work

Normal orientation for a point cloud has been exten-
sively studied. This section briefly reviews some relevant
work with a focus on normal orientation process.
Propagation-based approaches. Hoppel et al. [15] first

introduced the approach of propagating point normal ori-
entation using an MST where edges are weighted by the
similarity between neighboring normals. Even though ef-
fective, the method is sensitive to neighborhood size and
can suffer from cumulative errors in the greedy propaga-
tion. Subsequent works were developed to address these
issues. For example, Xie et al. [54] proposed a multi-seed
propagation to avoid sharp feature cases in the initial prop-
agation. Konig et al. [28] extended the multi-seed propa-
gation and flipped normals according to the smoothness of
a Hermite curve. Huang et al. [17] propagated the orien-
tation using a priority-driven scheme. Yet, these methods
still struggle with the inherent greediness of the propaga-
tion scheme. Seversky et al. [46] proposed to apply har-
monic functions for orientation propagation over the MST.
Schertler et al. [45] reformulated the orientation as a graph-
based energy minimization problem and applied a global
solver to achieve better consistency to relieve propagation
errors. Xu et al. [55] computed and refined the normal vec-
tors with orientation information from a pre-computed par-
ticle set constrained on an offset surface. Jakob et al. [20]
explored utilizing the edge collapse operations for normal
orientation with hand-crafted heuristics for each edge en-
ergy to approximate the global minimum. These methods
are computationally expensive and less effective on noise
and outliers.

Volmue-based approaches. Volume-based methods divide
3D space into cell regions and find normal orientation based
on the space partitioning. There are mainly two approaches.
The first approach determines each cell’s inside/outside
properties and then aligns the normals accordingly. For ex-
ample, Mello et al. [39] partitioned the space into adaptive
tetrahedral volume to calculate the in/out function. How-
ever, the approach struggles with thin structures. Xie et
al. [53] grew active contours to carve out inside/outside.
Chen et al. [5] used point visibility to define the binary ori-
entation trees to determine inside/outside. Xu et al. [560]
solved a winding number field to help the inside/outside
test but struggled with large point clouds. Recently, Liu
et al. [38] formulated a boundary energy derived from the
Dirichlet energy of the winding number field. Gotsman and
Hormann [12] proposed a linear solver based on Stokes’
theorem. The second approach is to find a signed implicit
function. For instance, Walder et al. [49] converted fitting
an implicit function to an equivalent eigenvalue problem.
Alliez et al. [1] solved a generalized eigenvalue problem
to obtain a signed function. Huang et al. [19] solved for a
signed function by Duchon’s energy. Lin et al. [37] pro-
posed the PGR method, which is based on parameterizing
the Gauss formula; however, the resulting system is dense.
Hou et al. [16] introduced the iPSR method, which itera-
tively applies Poisson surface reconstruction but struggles
with thin structures. Generally, volumetric methods are ro-
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Figure 1. 2D illustration of our proposed method. (a) The method takes as input a point cloud with associated unoriented normals. (b) The
process begins by estimating the shape diameter for each point, which can be done in parallel. (c) Two shells are implicitly defined as a
level set of an unsigned implicit function, which encapsulate the input point cloud. A Delaunay triangulation is then performed on the two
shells, yielding a graph, which we call the Delaunay graph. (d) A least square formulation is presented to find a piecewise linear sign field.

(¢) Delaunay Graph

(e) Finally, the normals are oriented to align with the gradient of the piecewise linear sign field.

bust but computationally expensive. They may also face
challenges with thin structures and large holes.
Learning-based approaches. Learning-based methods
use neural networks to orient normals. For instance, the
dipole propagation [40] leverages the concept of an elec-
tric field for normal orientation. Erler et al. [8] proposed
the point2surf method, which feeds both local samples and
global samples to a neural network, to regress the signed
distance function. Wang et al. [50] also regresses both
unoriented and oriented normals separately from both lo-
cal and global samplings. Similarly, Li et al. [31] applied
a similar sampling strategy to regress the signs for unori-
ented normals from ground-truth normals. These learning-
based methods need ground-truth-oriented normals for su-
pervision. Li et al. [30, 32] proposed unsupervised ways
to learn oriented normals from raw point clouds. However,
these unsupervised methods are object-specific, i.e., each
shape requires individual neural network training. Gen-
erally, learning-based methods perform well on specific
shapes but typically require GPU resources and are less suit-
able for complex shapes.

3. Method

Our problem can be described as follows: given a 3D
point cloud P = {p; € R3}¥, and the associated unori-
ented normals N = {n; € R3}}¥ |, where N is the number
of points, our goal is to align the normals to achieve a glob-
ally consistent orientation. In general, it is assumed that the
point cloud consists of dense points sampled from an un-
known surface. For simplicity, we further assume that the
surface is closed, thereby dividing the space into inner and
outer regions. Our proposed method consists of three key
processes: shape diameter estimation, Delaunay graph con-
struction, and least squares alignment. This section elabo-
rates in detail on them.

3.1. Shape Diameter Estimation

The shape diameter [44,47] is a scalar function f defined
on a manifold surface (or mesh) M, mapping each query

point x € M to a scalar value f(x) € R. This scalar value
represents the distance from the query point to its antipo-
dal point along the inward-normal direction on the surface,
offering a measure of the object’s local thickness at each
surface point. Thus, the shape diameter can provide addi-
tional geometric context in complex regions, such as thin
structures or areas with high genus. This hence motivates
us to estimate the shape diameter of a 3D point cloud as a
prior for normal orientation to help improve the accuracy
and robustness.

However, estimating the shape diameter directly on point
clouds presents several challenges. The original shape
diameter [44, 47] is mesh-based, where finding antipodal
points is straightforward. In contrast, determining these
points for a discrete point set is inherently ill-posed. Ad-
ditionally, the original shape diameter only considers local
thickness (along the inward normal direction), neglecting
local separation (along the outward normal direction). To
address these limitations, we use the extended point-based
shape diameter [! ], which accounts for both thickness and
separation, thereby capturing more complex geometry and
topology information.

As shown in Fig. 2, rays are cast within a cone along
both the associated and inverse normal directions to query
the antipodal points. If the ray touches a small e-band,
the query point on the ray will be regarded as the an-
tipodal point. The e-band is defined as {x : d,(x) <
€}, where d,(x) = minpep{|x — p|} denotes an un-
signed distance function. And € is estimated as: € =

min{\/% > peNy(x) X — Pl?[x € P}. Thus, we query
points along the ray to locate the point within the e-band,
treating this as the antipodal point. We perform this search
within two cones aligned along both the normal and its in-
verse directions, resulting in two values, o and 7, repre-
senting local thickness and separation. Since we do not
know the normal orientation in advance, we cannot distin-
guish between thickness and separation directly. Therefore,
we define the shape diameter as: § = min(7,0). What's
more, this search process supports parallelization for each
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Figure 2. Illustration of shape diameter estimation for a 2D point
set. Random rays are cast from the query point (bright red) with
a cone along the normal direction and its inverse to find antipodal
points. If a ray intersects the e-band (dark red dashed lines), it
is considered to have touched the target surface, thereby identify-
ing the antipodal point. The rays cast in both directions result in
two diameter values, 7 and o, with the final diameter defined as
0 = min(7, o). To prevent rays from extending infinitely, a loose
bounding sphere is employed as a constraint.

input point. Finally, each point is assigned a shape diam-
eter value. We further smooth these values using median
filtering and Laplacian smoothing.

3.2. Delaunay Graph Construction

We now construct a Delaunay graph based on the De-
launay triangulation of an unsigned implicit function at a
level set associated with the minimum shape diameter. The
unsigned implicit function is defined based on P and N:

D pen,(x) | (X — P) np| Wp(x)
ZPEN;C(X) Wp(x) ’
where | - | denotes the absolute operator, Ny (x) denotes the

set of the k points in P that are nearest to x, and Wy (x) is
the Gaussian weighted function:

I,(x) =

(D

_lix—pl?
2

Wp(x)=e = 2 | 2)

where h is estimated as the average distance to the k near-
est neighbor across a randomly selected subset. This I, (x)
is a weighted average of the distances from x to the tan-
gent plane at point p, thus giving an approximation for the
distance of x to the point cloud [26].

We then mesh T, at the level set: I = {x : [,(x) =
0.5 -+ Omin }» to build a thin band Ir bounded by inner and
outer shells, where the level value is specified by the min-
imum of shape diameter J.,;, and a user-specified ratio «.
Note that @ should be less than 1. This ensures that I can
split thin structures, meaning that each cell contains only a
simple patch, as shown in Fig. 3. Otherwise, an overly large

value would lead to phenomena where points with normal
directions that are supposed to be opposite are placed in the
same cell, resulting in incorrect normal orientation. Fur-
thermore, even though the inner and outer shells are con-
structed, we cannot distinguish them at the current stage.
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(a) An appropriate level set (b) A coarse level set

Figure 3. Illustration of Ir. The red rectangle presents the dis-
cretization of the level set. (a) /g (an appropriate thickness): each
Delaunay cell contains a single patch. (b) Iz (an overly large
thickness): Delaunay cells near thin structures can contain points
(red) that are supposed to have opposite normal directions.

We use the CGALMesh [21] to extract [z, which op-
erates by running Delaunay refinement on the implicit
function at the target level set. CGALMesh generates an
isotropic tetrahedral mesh along with the complete Delau-
nay triangulation as output.We use the entire Delaunay tri-
angulation of I as the Delaunay graph D = {V, £}, where
V denotes the vertices and £ denotes the edges.

3.3. Least Squares Alignment

To consistently orient the normals for the input point
cloud, we look for a sign field on the Delaunay graph D,
denoted by S(x) : R? — R, whose gradient is used to align
the unoriented normals. For the underlying closed manifold
surface F' on which the point cloud lies, the ideal behav-
ior of S(x) is to assign +1 to query points located outside
F and —1 to those inside F', with the gradient indicating
surface normal directions orienting from inside to outside.

Intuitively, solving for the sign field can be viewed as a
binary integer programming (BIP) problem, where the goal
is to determine the sign (either +1 or —1) for each vertex
v € V in the Delaunay graph. For each edge e € &, the
edge connects two vertices that either:

e same sign, meaning lying on the same side of F'.

* opposite signs, meaning lying on opposite sides of F'.
This setup leads to a constraint for each edge e € £ with
vertex v,, and v,,. We can formulate the constraint as:
S(vm)+Z(e)-S(vy) = 0, where Z(e) is the edge indicator
function defined as:

+1, if e intersects F' odd times;
I(e) = 3)

—1, otherwise.
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However, determining Z(e) is non-trivial, as F' is un-
known. To estimate Z(e), we adopt a strategy similar to the
one used for shape diameter estimation. That is, we can de-
fine a small £-band for the unsigned implicit function [,,. If
there exists queries x on e satisfying I,,(x) < £, we regard
the edge e intersecting F'.

By conducting the intersection tests for each edge e € &,
we associate each edge e with an indicator Z(e), reflecting
whether the edge intersects the surface F'. This enables us
to solve the sign field S(-) from the consistency of vertex
signs across the Delaunay graph D by minimizing:

S = arg msin Z [S(Vim) +Z(e) - S(vi)]?,
eef (4)
st. S(v)e{1,—-1}.

However, such BIP formulation is computationally in-
tensive. It may become trapped in local minima if the
edge indicator function Z(e) is inaccurately estimated due
to noise, outliers, or holes in the point clouds. Thus, we
relax the BIP formulation using a least squares approach,
where we impose sign field constraints only on the ver-
tices located on the convex hull of the Delaunay graph, de-
noted as Convex (D). Specifically, we constrain the vertices
v, € Convex(D) to be assigned a sign value of +1. The
formulation becomes:

S = argmin Z [S(Vim) +Z(e) - S(vo)],
o ecf &)
st. S(vy,)=1 forv, € Convex(D).

Imposing the +1 constraint to the convex hull vertices
has advantages: (1) This avoids the solution to degenerate
to an all-zero configuration; and (2) The region outside F'
has a positive sign, assuring that the gradient points from the
inside to the outside for orienting normals. We apply the
Karush—Kuhn—Tucker (KKT) conditions to solve the sign
field. Converting this formulation into matrix form results
in a linear sparse system, which is easy to solve. Refer to
Fig. 4 for details.

To align the unoriented normals, we use the gradient of
the solved sign field V.S(x). For any query point x € R3,
we locate x within the Delaunay graph using the walking al-
gorithm [6], identifying the tetrahedron cell ¢ containing x
with vertices v, v1, vZ, v3. The sign value at x is obtained
by barycentric interpolation:S(x) = Z?:o Ai(x) - S(vi),
where \;(x) = V;(x)/V denotes the barycenteric coordi-
nates. V;(x) is the volume of the sub-tetrahedron formed
by x and the vertices of ¢ excluding vf:, while V' is the vol-
ume of the entire tetrahedron. The gradient of the sign field
at x is then given by:VS(x) = Zf:o VAi(x) - S(v?), and
V Ai(x) is a constant vector for the tetrahedron c:

(vi —vj) X (vig = Vi)

V)\l (X) = 6V y

(6)

(a) Delaunay Graph

(b) Sign Field

Figure 4. Illustration of solving the sign field. (a) The Delaunay
graph D. Edges that intersect with the point cloud are marked in
blue, while those that do not are marked in grey. We only constrain
the sign value for the vertices of the convex hull to be +1. (b)
The sign field. The gradient color represents the solved sign field,
whose gradients will be used to orient the normals.

where v;, v;, vy, and v; ordered according to the right-
hand rule, and x denotes the cross product. Refer to Tab. 1
for the details on the vertex index ordering.

W —=| O =
O| W[ | =,
N OO | &
b | | I W e~

Table 1. Index order of vertices in the tetrahedron.

Finally, we flip the normals according to VS(x):n; =
F(pi) - n;, where F(p;) is the flipping function:

—1, if V.S i) 1y 0;
f(pi)z{ V5P m < )

+1, otherwise.

4. Experiments
4.1. Shape Diameter

Our method starts with the estimation of the point-based
shape diameter function. Ideally, points on thin structures
and geometric details should have smaller shape diameter
values, while points on thicker and smoother regions should
exhibit larger values. As shown in Fig. 5, the bunny ears and
elephant noise have smaller shape diameter values, whereas
the bunny body and elephant body show larger values.

4.2. Delaunay Graph

Our method then constructs a Delaunay graph from the
Delaunay triangulation of the thin shell g, which is derived
from the unsigned distance function I,, evaluated at the level
set related to the estimated minimum half of the shape di-
ameter, expressed as 0.5« - dmin, Where « is a user-specified
ratio. It is important to note that the value of « should be
less than 1. If « is too large, it can lead to a situation where
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(a) Bunny
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Figure 5. Hot color ramp visualization of the shape diameter func-
tion for the elephant and bunny point clouds. Dark red indicates re-
gions with small shape diameter values, while bright yellow high-
lights areas with large values.

points with opposite normal orientations are located in the
same Delaunay cell. After solving the sign field, the gra-
dient of the sign field within each cell is a constant vector
and will be used to align the normals. Thus, it will result in
incorrect normal orientation if thin structures with opposite
normal directions are located in the same cell. As shown in
Fig. 6, using an overly large « value causes the Delaunay
cell in the ear region to contain two parallel sheets, making
it unsuitable to use the gradient of that cell to align normals
for that region. In contrast, using an appropriate o value
(less than 1) allows the thin shell to separate the sheets, en-
abling correct normal orientation.

(a) An overly large a (b) An appropriate a

Figure 6. Visual illustration of the impact of « on normal orienta-
tion accuracy. Point clouds are rendered with one-sided shading,
where incorrect normal orientations are highlighted in dark gold.
The Delaunay graph is outlined with a dashed blue rectangle. (a)
The thin shell with &« = 3.0. (b) The thin shell with « = 0.5,
where the green edges in the rightmost panel indicate the edge
across the ear.

4.3. Sign Field

The final step of our method is to solve for a piecewise
linear sign field defined on the Delaunay graph, whose gra-
dient will be used to align the unoriented normals. Fig. 7
visualizes the sign field for the bunny and elephant point
clouds. The sign field can distinguish between the inside
(blue) and outside (red) regions. Therefore, we can use the

gradient of the sign field to align the normals. Additionally,
we plot the histogram of the solved sign values for each ver-
tex in the Delaunay graph, which shows two peaks around
+1 and —1, corresponding to the inside and outside regions.
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Figure 7. Visualization of the sign field for the bunny and elephant
point clouds. The top row shows a clipped view of the sign field
defined on the Delaunay graph, while the bottom row presents the
histogram of sign values for all vertices in the Delaunay graph.

4.4. Comparisons

We use the Number of Incorrect Oriented Normals
(NION) to evaluate our method against other baseline
methods on various datasets, including PCPNet [14], Fa-
mousShapes [8], and ThingilOK [57]. Specifically, we
select fifteen shapes with point numbers ranging from 1k
to 300k, covering a variety of challenges, including large
holes (e.g., bird), CAD models with sharp features (e.g.,
fandisk), thin structures (e.g., bull), and complex geome-
tries/topologies (e.g., honeycomb and filigree). NION is de-
fined as the number of incorrectly oriented normals—those
with an angular difference of greater than 90° regarding the
ground truth normals. Random flipping of ground-truth nor-
mals is applied to create the input source point clouds. We
also recorded the running time to assess running speed. Be-
sides, we added 0.25% Gaussian white noise and 5% out-
liers to test the robustness of each method.

We first compare our algorithm with other normal
orientation methods, including MST [15], SNO [45],
Dipole [40], and GCNO [56]. Fig. 8 provides visual com-
parisons, and Tab. 2 records the qualitative results. From
our experiments, MST runs quickly but is sensitive to noise,
outliers, holes, and complex shapes; it orients normals
based on neighbor angle differences, making it unsuitable
for CAD models (e.g., fandisk), where normals are discon-
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Figure 8. Visual comparisons of different normal orientation algorithms. We present one-sided shaded point clouds, where outward normals
are shown in gradient gold, and inward normals appear in dark shades. We also include the ground truth for reference.

Sampling ‘ Clean ‘ 0.25% White noise ‘ 5% Random outliers

Shapes MST SNO Dipole GCNO Ours MST SNO Dipole GCNO Ours MST SNO Dipole GCNO Ours
torus(1k) 0(0.1) 0(0.3) 5(19.2) 0(98) 0(0.5) 0(1) 0(0.2) 3(17) 0(101) 0(0.4) 547(0.2) 40.4) 0(15) 0(115) 0(0.6)
holes(4k) 0(0.2) 0(0.5) 10121.1) 0(543) 0(1.6) 0(0.1) 0(0.4) 6(19) 0(676) 0(1.6) 1.9k(0.2) 3(0.5) 182(27) 1.4k(>12H) 2(1.7)
bunny(5k) 227(0.9) 163(1.1) 67(33.6) 0(950) 0(3.3) 227(0.9) 215(1.2) 182(33) 3(961) 0(3.5) 2.8k(1.2) 315(1.7) 54(35) 2.4k(>12H) 1(1.4)
kitten(5k) 0(1.1) 0(1.9) 51(31.3) 0(1256) 02.2) 0(1.3) 0(1.3) 57(32) 0(1327) 0(2.2) 2.2k(1.4) 0(1.1) 1.9k(37) 2.5k(>12H) 0(3.4)
bird(7k) 2.1k(1.2)  3.6k(1.3) 2.1k(36.7) 7(1043) 3(5.8) 22k(1.3)  3.7k(1.3) 2.2k(36) 9(1089) 13.1) 2.2k(1.6) - 30(50) 2.6k(>12H) 9(4.3)
fandisk(11k) 3.8k(2.1)  4.1k(2.7) 29(56.1) 3(3257) 2(5.9) 3.6k(2) 4.1k(2) 47(57) 33(3369) 31(6.1) 5k(2) 4.6k(3) 31(68) 5.1k(>12H) 24(5.7)
bull(25k) 989(3.2) 1.8k(4.8) 1.7k(97.5) 11k(>12H) 15(13.3) 1.5k(3.7) 1.8k(5.2) 1.2k(107.5) 11k(>12H) 63(14.1) 11k(6.2) 1.4k(7.3) 588(115.6)  11k(>12H) 21(15.7)
feline(50k) 39k(83) 1.9Kk(18.2) 1.2k(1582) 25k(>12H)  7(41.8) | 5.3k(9.5) 3.7k(17.5)  1.6k(168.2) 25k(>12H) 138(42.6) | 6.7k(9.2)  24k(31.8) 1.7k(173.3) 25k(>12H)  154(46.7)
metatron(69k) 64(9.7) 77(17.9) 32k(286.4)  35k(>12H)  11(67.1) | 11k(11.2)  921(19.6)  29714(298.4)  35k(>12H)  426(65.3) | 36k(11.2)  754(23.4)  36k(301.5)  35k(>12H)  136(70.8)
elephant(93k) 1(13.2) 0(15.1) 92(218.8) 45k(>12H) 0(49.9) 1(12.2) 0(14.5) 101(225.4)  45k(>12H) 0(52.4) 1(13.5) 3(14.7) 315(232.3)  45k(>12H) 0(62.3)
galera(100k) 0(13.4) 0(16.8) 291(277.7) 49k(>12H) 0(55.4) 174(12.9) 155(17.4) 311(285.7) 49k(>12H) 136(53.3) 46k(15.9) 347(26.6)  510(311.7)  49k(>12H)  266(54.1)
honeycomb(129k) | 58k(16.9)  519(16.4)  62k(234.7)  64k(>12H)  61(200.1) | 60k(18.5)  20k(14.5)  60k(290.3)  64k(>12H) 695(209.8) | 60k(20.4)  624(22.4)  61k(509.6) 64k(>12H)  56(213.5)
hilbert cube(144k) | 804(16.8) 0(18.1) 68k(562.3)  70k(>12H)  0(207.1) | 804(16.1) 0(19.6) 65k(591.4)  70k(>12H)  0(202.8) | 76k(15.9)  643(27.7)  66k(542.1)  70k(>12H) 321(211.5)
dragon(296k) 1.3k(35.1)  1.1k(125.1)  12.3k(404.1)  145k(>12H) 493(429.3) | 2.1k(39.4) 3.8k(131.5)  12k(394.7)  145k(>12H) 538(431.5) | 84k(41.4) 5.7k(157.6) 2.8k(396.6) 145k(>12H) 457(436.6)
filigree(300k) 694(32.1) - 108k(319.7)  149k(>12H) 426(283.7) | 95k(35.7) - 58k(295.2) 149k(>12H) 733(289.6) | 119k(41.7) - 27k(334.1)  137k(>12H) 861(292.4)

Table 2. NION and running time (in seconds,
indicates no output or invalid output, and the number assigned to each point cloud model indicates the point numbers.

@

tions.

shown in brackets) for various normal orientation methods under different sampling condi-

tinuous at sharp features. Besides, MST falls when deal-
ing with holes. SNO is also fast and able to prune outliers
(e.g., bull), but it still struggles with sharp features because
the criteria to flip normals is similar to MST. Furthermore,
MST and SNO could only orient normals and are unaware

of whether oriented normals are inward or outward. Dipole,
a learning-based method, demonstrates robustness but does
not handle complex shapes effectively. Also, Dipole is not
good at dealing with holes (e.g., bird) and complex shapes
(e.g., honeycomb). GCNO shows good performance on

16938



small point clouds. However, it faces long processing times
for large point clouds and outlier-rich data. If GCNO runs
more than 12 hours, we will stop GCNO and use the last
iteration output as the result. The speed issues make it hard
to apply GCNO in real scenarios. In contrast, our method
offers a balanced approach, combining efficiency with high
accuracy even when facing noise, outliers, missing data, and
complex shapes. As we utilize the shape diameter as a prior,
our method is suitable for complex shapes by nature. Also,
our method uses least squares to solve the sign field, thus
offering robustness to noise, holes, and outliers.

Shapes ‘ PCPNet DPGO SHSNet NGL Neural GF Ours
torus(1k) 213(3.3) 11(6.5) 3(4.5) 0(324.2) 0(567.4) 0(0.5)
holes(4k) 218(10.7) 35(13.1) 3(11.8) 0(361.7) 0(599.3) 0(1.6)
bunny(5k) 59(13.5) 94(21.2) 1(14.3) 0(314.5) 0(603.6) 0(3.3)
kitten(5k) 147(14.5) 167(29.8) 12(15.1) 0(366.9) 0(645.9) 0(2.2)
bird(7k) 326(22.3) 399(43.3) 252(23.1) 469(381.2)  919(581.7) 3(5.8)
fandisk(11k) 16(36.7) 601(46.8) 17(37.6) 5(366.4) 4(618.5) 2(5.9)
bull(25k) 116(121.5)  1055(117.5)  16(104.1) 34(349.7)  21(604.9)  15(13.3)
feline(50k) 4697(363.6)  6930(387.3)  289(293.2)  1558(332.3)  114(692.1) 7(41.8)

metatron(69k) 24K(568.2)  25k(705.9)  14k(665.9)  3602(325.6) 1065(689.1)  11(67.1)
elephant(93k) 3930(1085.9) 9269(1361.9) 734(1262.8)  42(306.6)  4(677.3) 0(49.9)

galera(100k) 2224(1096.6)  11k(1323.9)  783(1429.3)  247(319.4)  250(628.8)  0(55.4)

honeycomb(129k) | 35k(1661.1) ~ 40k(2213.5)  39k(2310.9)  4482(309.3) 4136(695.4)  61(200.1)
hilbert cube(144k) | 69k(2078.7)  92k(2715.5)  76k(2868.2)  47k(381.7)  43k(626.1)  0(207.1)
dragon(296k) 19k(9025.7)  46k(11721.6) 16k(11459.1) 1873(387.3)  12k(733.5)  493(429.3)
filigree(300k) 33k(10231.7)  40k(11848.6) 16k(11799.6) 30k(373.5)  9k(719.4)  426(283.7)

Table 3. NION and running time (in seconds, shown in brackets)
for our method and learning-based algorithms.

We further compare our method with learning-based ori-
ented normal estimation methods, including PCPNet [14],
DPGO [50], SHSNet [31], NGL [30], and NeuralGF [32].
PCPNet, DPGO, and SHSNet are supervised methods. We
use the official pre-trained models if they are released. The
running time only refers to the inference time of a 3D point
cloud. For NGL and NeuralGF, both are unsupervised and
object-specific, i.e., requiring training a separate model for
each point cloud; therefore, their running time includes both
training and inference time for each case. Our experiments
indicate that both supervised and unsupervised learning-
based methods often struggle with complex structures (e.g.,
metatron) and geometric details (e.g., dragon). Besides, the
supervised methods are not good at the holes (e.g., bird),
which may be because they are trained from closed point
clouds. And also, the running time for supervised methods
increases dramatically for large point clouds. Furthermore,
all learn-based methods need GPU resources. In contrast,
our method can achieve better results with faster speed with-
out the need for GPU. Refer to Tab. 3 and Fig. 9.

Lastly, we compare our method with learning-based
methods on real-scan data from the AIM@Shape reposi-
tory [9]. The real-scan data lacks ground truth. Our method
consistently produces faithful results, whereas learning-
based methods often struggle in these cases due to the com-
plexity and measurement noise commonly present in real-
scan data. Refer to Fig. 10.
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Figure 9. Visual comparisons with SHSNet and Neural GF.

mnu maIds

o Koy

g a 2= J Z3
@) ol 4fa
-t >

(a) PCPNet (b) NGL (c) NeuralGF (d) Ours

Figure 10. Visual comparisons on real-scan data.

5. Conclusion

This paper presents a novel and robust method for orient-
ing normals in 3D point clouds. Our approach’s key con-
tribution is using a least-squares formulation on a shape-
diameter-derived Delaunay graph, producing a sign field
whose gradient reliably aligns the unoriented normals. Ex-
perimental results demonstrate that our method is resilient
to noise, outliers, holes, thin structures, and complex geom-
etry/topology, consistently achieving accurate normal ori-
entation in challenging scenarios.
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